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S. Pineda, Member, IEEE, J. M. Morales, Member, IEEE, and T. B. Boomsma
Abstract—This paper analyzes the impact of production fore-
cast errors on the expansion planning of a power system and
investigates the influence of market design to facilitate the
integration of renewable generation. For this purpose, we propose
a stochastic programming modeling framework to determine
the expansion plan that minimizes system-wide investment and
operating costs, while ensuring a given share of renewable
generation in the electricity supply. Unlike existing ones, this
framework includes both a day-ahead and a balancing market
so as to capture the impact of both production forecasts and
the associated prediction errors. Within this framework, we
consider two paradigmatic market designs that essentially differ
in whether the day-ahead generation schedule and the subsequent
balancing re-dispatch are co-optimized or not. The main features
and results of the model set-ups are discussed using an illustrative
four-node example and a more realistic 24-node case study.
Index Terms—expansion planning, renewable energy sources,
forecast errors, market design, stochastic programming.
I. NOTATION
A. Indexes and sets
i Index of units/lines/loads/projects.
n Index of buses.
s Index of scenarios in the day-ahead market.
r Index of scenarios in the balancing market.
F Set of transmission lines.
G Set of generating units.
Gn Set of generating units connected to bus n.
L Set of loads.
Ln Set of loads connected to bus n.
P Set of available expansion projects.
W Set of renewable generating units.
B. Parameters
ain Line-bus indicator equal to 1/-1 if bus n is the send-
ing/receiving bus of line i ∈ F , and 0 otherwise.
bi Susceptance of line i ∈ F (p.u.).
ci Price offer for energy sale by device i ∈ G ∪ L in the
day-ahead market ($/MWh).
c+i Price offer for energy sale by device i ∈ G ∪ L in the
balancing market ($/MWh).
c-i Price offer for energy purchase by device i ∈ G ∪ L in
the balancing market ($/MWh).
li Length of transmission line i (miles).
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q0i Fixed investment cost of project i ∈ P ($/year).
qi Variable investment cost of project i ∈ P ($/MWyear).
T Duration of the planning horizon (h).
xi Peak consumption of load i ∈ L (MW).
xmaxi Maximum capacity of project i ∈ P (MW).
x+i Capacity factor for energy sale of device i ∈ G ∪ L in
the balancing market (%).
x-i Capacity factor for energy repurchase of device i ∈ G∪L
in the balancing market (%).
pis Probability of scenario s.
pisr Probability of scenario r conditional on the realization
of scenario s.
ρ̂is Forecasted capacity factor of device i ∈ G ∪ L ∪ F in
the day-ahead market (p.u.).
ρ˜isr Realized capacity factor of device i ∈ G ∪L∪F in the
balancing market (p.u.).
η Minimum share of renewable generation (%).
C. Variables
p̂is Power dispatch of device i ∈ G ∪ L or power flow
through device i ∈ F in day-ahead scenario s (MW).
p+isr Power dispatch increase of device i ∈ G∪L in balancing
scenario r conditional on the realization of scenario s
(MW).
p-isr Power dispatch decrease of device i ∈ G∪L in balancing
scenario r conditional on the realization of scenario s
(MW).
ui Binary variable equal to 1 if project i ∈ P is built, and
0 otherwise.
xi Capacity of project i ∈ P (MW).
δ̂ns Voltage angle at bus n in day-ahead scenario s (rad).
δ˜nsr Voltage angle at bus n in balancing scenario r condi-
tional on the realization of scenario s (rad).
II. INTRODUCTION
With an aim to reduce greenhouse gas emissions, ensure
adequacy of energy resources and guarantee the security of
energy supply, many governments employ policy targets for
the exploitation of renewable energy sources. As an example,
the European Union has agreed to cover 20% of its total energy
consumption with renewable production by 2020, whereas
some EU countries aim for even higher shares [1]. Such
ambitious targets will inevitably demand a paradigm shift in
the design of future electricity markets and the configuration
of future power systems.
In contrast to conventional power sources, renewable pro-
duction, such as wind and solar power, is characterized
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by being highly variable, largely unpredictable and non-
dispatchable. For the purpose of power system expansion plan-
ning, it is therefore necessary to account for both the variability
of stochastic production throughout the planning horizon and
the forecast errors caused by the limited predictability of these
energy sources [2].
Power system expansion planning under uncertainty has
long been subject to extensive study in the literature [3]. As an
example, [4] considers the expansion of generating capacity
under demand, cost and technical uncertainty. Likewise, the
authors in [5] determine the optimal expansion plan for the
transmission network while taking into account uncertainty
in the future demand. More recent contributions [6], [7]
further investigate how the transmission expansion planning
of a power system is affected by variability in wind power
production. However, these models disregard forecast errors
of the stochastic generating units and thus, fail to capture the
impact of uncertainty in wind power production on expansion
planning decisions.
In this paper, we address the expansion planning of a power
system with a significant share of renewable generation, con-
sidering both the variability and limited predictability of the
stochastic production. We propose a stochastic programming
framework to determine the expansion plan (for stochastic and
dispatchable production capacity as well as for the transmis-
sion network) that minimizes investment and system operating
costs, while ensuring a given target of renewable generation
in the electricity supply. Unlike in existing ones, the operation
costs computed in our modeling framework include two terms:
a day-ahead dispatch cost, which depends on the forecast
of stochastic production and demand, and a balancing cost,
which is a function of the forecast errors and the flexibility
provided by the conventional generating units. To the best of
our knowledge, our model is the first to explicitly model the
impact of production forecast errors on the optimal expansion
planning of generation and transmission capacity.
To properly incorporate the impact of forecast errors, we
require two electricity trading floors: the day-ahead market,
which is cleared 24 to 36 hours in advance of system operation
and the balancing market, which copes with real-time energy
imbalances [8]. Moreover, we consider in this paper two
paradigmatic market designs, which represent two extremes of
day-ahead market clearing in view of potential forecast errors
in renewable production:
- The first is an ideal market-clearing procedure that effi-
ciently handles forecast errors by jointly optimizing the
operation in the day-ahead and balancing markets [9],
[10]. Under this market design, our expansion model
becomes a three-stage stochastic program with capacity
expansion, day-ahead generation scheduling and balanc-
ing re-dispatch being first-stage, second-stage and third-
stage decisions, respectively [11].
- The second represents an inefficient market design where
the day-ahead generation schedule and the subsequent
balancing re-dispatch are not jointly optimized. Under
this market design, our expansion model is likewise a
three-stage stochastic program. However, to capture the
sequential and non-cooptimized clearings of the day-
ahead and balancing markets, we formulate the model
as a bi-level program [12].
We adopt the view of a central planner that minimizes
the costs of power system expansion and operation. It is
known, though, that the expansion plan promoted by a central
planner is equivalent to that induced by an electricity market
under perfect competition at the investment and operational
stages [13]. For investment models that account for imperfect
competition, the reader is referred to [14], [15], [16]. It should
be remarked, however, that due to the complexity of these
models, they often not allow for the inclusion of uncertainty.
We consider here a static approach to expansion planning
where the optimal capacities of generation and transmission
are determined for a single representative year. We thereby
implicitly assume that the central planner aims to determine
an optimal future power system configuration, rather than
establishing when each expansion project should be carried
out [3]. Nevertheless, the proposed models can be adapted to
take into account not only sizing and placement of investments,
but also timing considerations, albeit considerably increasing
their computational burden.
To facilitate computations, we assume known and discrete
distributions for forecasted production of stochastic units,
forecasted consumption as well as the corresponding forecast
errors, and represent the gradual realization of uncertainty by
a so-called scenario tree [11]. Furthermore, by linearization
of the non-linear terms in the formulations and using the
optimality conditions in the bi-level problem, we cast the
proposed expansion planning models as mixed-integer linear
programs.
In summary, the main contributions of this paper are:
1) The proposal of a stochastic programming framework to
determine the optimal power system expansion plan that
takes into account both the variability of the stochastic
production and the corresponding forecast errors.
2) The analysis of how such forecast errors impact the
optimal expansion decisions.
3) The investigation of how market design influences the
expansion planning of a power system with high pene-
tration of stochastic production.
The paper is structured as follows. Section II introduces and
motivates the expansion planning problem in power systems
with high penetration of renewable energy. In Section III
we first present the expansion planning problem assuming
perfect forecasts of stochastic production. We then extend
this problem to include forecast errors under the two market
designs outlined above. Section V provides an illustrative four-
node example of the expansion problem. A more realistic 24-
node case study is presented in Section VI. Finally, Section
VII concludes the paper.
III. MODELING AND FORMULATION
In this paper, we consider an existing power system that
consists of a set G of generating units, a set L of loads and a set
F of transmission lines. The proposed stochastic programming
models determine the optimal decisions among a set P of
available capacity expansion projects to minimize the sum of
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operating and investment costs while ensuring that at least
η% of the electricity consumption is covered by renewable
electricity production. In order to model different states of
the power system throughout the decision horizon, a set of
scenarios s is considered. The probability of each scenario is
denoted by pis, such that
∑
s pis = 1.
Expansion projects include both dispatchable and stochastic
generating units as well as new transmission lines. Each
expansion project i ∈ P is limited by a maximum capacity
xmaxi and involves a fixed investment cost q0i and a variable
investment cost qi. Investment decisions are modeled by a
binary variable ui, that is equal to 1 if the project is carried out
and 0 otherwise, and by the optimal capacity of the project
xi. The total investment cost of the system is computed as∑
i∈P(q
0
i ui+qixi).
Generating units i ∈ G are modeled by a maximum
capacity xi, a marginal cost ci and a capacity factor ρ̂is that
depends on the realized scenario s. Note that xi is a known
and fixed parameter for existing units, while it represents a
variable for new generating units. Parameter ρ̂is can be used
to characterize both the occurrence of unexpected unit failures
and the variable generation from stochastic generating units,
such as wind or solar power plants.
Consumption units i ∈ L are characterized by a known
peak load xi, a capacity factor ρ̂is that can be used to
compute the load level for each scenario s, and a utility
ci. Observe that if loads are assumed to be inflexible, then
ci = -v
LS
i ∀i ∈ L, where vLSi stands for the cost of
involuntary load shedding. Otherwise, ci may represent the
flexibility of the loads according to their utility function.
The transmission network is modeled using DC power
flow equations, in which transmission lines have a maximum
capacity xi and a susceptance bi. Like for generating units,
xi is a known and fixed parameter for the existing lines. The
capacity factor ρ̂is may model line failures. The parameter ain
denotes the line-bus indicator, and δ̂ns stands for the voltage
angle at bus n and scenario s.
According to these data and following a network-
constrained economic dispatch, the market operator determines
the production of generating units (p̂is ∀i ∈ G), the consump-
tion of loads (p̂is ∀i ∈ L) and the power flow through the
transmission lines (p̂is ∀i ∈ F ) that minimize the operating
cost for each scenario realization s.
Due to the high predictability of electricity demand and the
low penetration of stochastic production, classical expansion
planning models systematically disregard the effect of forecast
errors. In this vein, we present a generic expansion planning
formulation that accounts for the variability of demand and
stochastic production throughout the planning horizon, but
ignores the associated forecast errors.
Minimize
ui,xi,p̂is,δ̂ns∑
i∈P
(
q0i ui+qixi
)
+
∑
i∈G∪L,s
Tpiscip̂is (1a)
subject to∑
i∈W,s
pisp̂is ≥ η
∑
i∈L,s
pisp̂is (1b)
0 ≤ xi ≤ uix
max
i , ∀i ∈ P (1c)
0 ≤ p̂is ≤ xiρ̂is, ∀i ∈ G ∪ L, ∀s (1d)
p̂is = uibi
∑
n
ainδ̂ns, ∀i ∈ F , ∀s (1e)
-xiρ̂is ≤ p̂is ≤ xiρ̂is, ∀i ∈ F , ∀s (1f)∑
i∈Gn
p̂is =
∑
i∈Ln
p̂is+
∑
i∈F
ainp̂is, ∀n, ∀s (1g)
δ̂n1s = 0, ∀s (1h)
ui ∈ {0, 1}, ∀i ∈ P (1i)
ui = 1, ∀i /∈ P (1j)
Objective function (1a) minimizes current investment cost
plus future operating costs throughout the planning horizon.
Constraint (1b) ensures that at least η% of the demand is cov-
ered with electricity produced by renewable generating units
W . The capacity of new generating units and transmission
lines is bounded by the maximum capacity of each project in
P through (1c). The dispatch of generating units and loads is
limited by their corresponding capacities in (1d). Likewise, the
power flow defined in (1e) is bounded by the capacities of the
transmission lines F through (1f). Constraint (1g) ensures the
power balance at each node. Equation (1h) arbitrarily sets the
voltage angle at bus n1 to 0. Finally, (1i) and (1j) are binary
variable declarations.
Optimization model (1) is a two-stage stochastic program-
ming problem where first-stage variables are the investment
decisions (ui, xi), the uncertain parameters are the capacity
factors throughout the planning horizon (ρ̂is), and the second-
stage variables are dispatch decisions (p̂is, δ̂is), which depend
on each particular realization of the capacity factors. After
linearizing the product of continuous and binary variables
according to the procedure presented in [17], this model can
be cast as a mixed-integer linear programming problem and
thus solved using commercial software.
This model of the electricity market could represent two
situations according to how power systems are operated today.
One could think of it as a real-time market in which all
generating units are assumed to be completely flexible and
able to instantaneously adapt their output to the status of the
system. Another interpretation could be a day-ahead market
cleared with perfect forecasts of the demand and stochastic
production. However, most generating units have technical
constraints regarding their response time to unexpected events
and the eventual values of demand and stochastic production
differ from the forecasted ones.
In this paper, we propose to overcome these shortcomings
by including an additional decision stage into model (1). This
allows us to more accurately characterize the stochastic param-
eters involved by taking into account probability distributions
of the corresponding forecast errors, and to model technical
constraints on the flexibility provided by generating units. The
proposed modeling of the functioning of the market in two
stages is to be interpreted as the clearing of a day-ahead market
taking place 24-36 hours in advance according to forecasts
followed by a balancing market that copes with forecast errors.
In balancing markets, generating units can submit quantity-
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price offers on how much they are willing to deviate with
respect to their day-ahead dispatch. For example, a generating
unit i ∈ G can offer up- and down-balancing energy up to x+i xi
and x-i xi MW at a cost of c+i and c-i $/MWh, respectively. We
can also assume that inflexible loads can work as up-balancing
resources through curtailment. Likewise, stochastic generating
units can provide down-balancing service through spillage.
Considering both a day-ahead and a balancing market raises
further questions on whether the level of coordination between
these two markets may influence the expansion planning of a
power system. To address this issue, we propose two different
optimization models that differ in whether forecast errors are
accounted for or not when deciding on the day-ahead dispatch.
First, and following the proposal described in [9], [10], we
present an expansion planning model in which the functioning
of the day-ahead and the balancing markets is co-optimized:
Minimize
ui,xi,p̂is,δ̂ns,p
+
isr
,p-
isr
,δ˜nsr∑
i∈P
(
q0i ui+qixi
)
+
∑
i∈G∪L,s
Tpis
(
cip̂is+
∑
r
pisr (c
+
i p
+
isr-c
-
i p
-
isr)
)
(2a)
subject to∑
i∈W,sr
pispisr p˜isr ≥ η
∑
i∈L,sr
pispisr p˜isr (2b)
(1c)− (1j) (2c)
0 ≤ p˜isr ≤ xiρ˜isr, ∀i ∈ G ∪ L, ∀s, ∀r (2d)
0 ≤ p+isr ≤ x
+
i xi, ∀i ∈ G ∪ L, ∀s, ∀r (2e)
0 ≤ p-isr ≤ x
-
i xi, ∀i ∈ G ∪ L, ∀s, ∀r (2f)
p˜isr = uibi
∑
n
ainδ˜nsr, ∀i ∈ F , ∀s, ∀r (2g)
-xiρ˜isr ≤ p˜isr ≤ xiρ˜isr, ∀i ∈ F , ∀s, ∀r (2h)∑
i∈Gn
p˜isr =
∑
i∈Ln
p˜isr+
∑
i∈F
ainp˜isr , ∀n, ∀s, ∀r (2i)
δ˜n1sr = 0, ∀s, ∀r, (2j)
where the final dispatch p˜isr∀i ∈ G ∪ L is equal to the
day-ahead dispatch p̂is plus the deployed up-balacing power
p+isr minus the down-balancing power p-isr, i.e., p˜isr =
p̂is+p
+
isr-p
-
isr. Likewise, p˜isr∀i ∈ F represents the power flow
through transmission line i in balancing scenario sr.
Objective function (2a) minimizes the investment cost plus
the expected operation cost, which includes both the day-
ahead dispatch and the balancing redispatch costs. Equation
(2b) ensures the minimum penetration of renewable electricity
production. Constraints (1c)-(1j) in the simplified expansion
model (1) are also needed here to model the functioning of
the day-ahead market. In the same fashion as in formulation
(1), equations (2d), (2e), (2f), (2g), (2h), (2i), and (2j) limit
the dispatch and re-dispatch of generating units, compute the
power flow through the transmission lines, impose bounds on
the power flows, ensure the power balance at each bus, and
arbitrarily set bus n1 as the reference node at the balancing
stage, respectively.
Optimization problem (2) is a three-stage stochastic opti-
mization problem in which the uncertainty reveals over time as
follows: at the day-ahead stage, only the forecast of the capac-
ity factors is issued; and at the balancing stage we assume that
the actual values of such parameters are fully known. Variables
are therefore divided into three types: the first-stage variables
are the investment decisions (ui, xi), which are determined
facing all the sources of uncertainty involved; the second-stage
variables are the dispatch decisions at the day-ahead stage
(p̂is, δ̂ns) which are made conditional on the forecast values of
the capacity factors (ρ̂is); and the third-stage variables are the
adjustments to the day-ahead dispatch (p+isr, p-isr, δ˜nsr), which
depend on the realization of the actual capacity factors (ρ˜isr).
By linearizing the product of continuous and binary variables,
this model can likewise be solved as a mixed-integer linear
problem.
Note that model (2) decides on the optimal expansion
plan assuming an ideal market in which forecast errors of
stochastic units are handled as efficiently as possible. In order
to investigate the extent to which the expansion plan is affected
by how forecast errors are processed by the market, we build
the alternative expansion planning model (3). Contrary to
model (2), model (3) disregards the potential impact of forecast
errors on the balancing costs, thus failing to provide a day-
ahead dispatch that makes an efficient use of the available
flexible generation [10].
Minimize
ui,xi,p̂is,δ̂ns,p
+
isr
,p-
isr
,δ˜nsr∑
i∈P
(
q0i ui+qixi
)
+
∑
i∈G∪L,s
Tpis
(
cip̂is+
∑
r
pisr (c
+
i p
+
isr-c
-
i p
-
isr)
)
(3a)
subject to
(2b) − (2j) (3b)
p̂is
δ̂ns
∈arg

Minimize
p̂is,δ̂ns
∑
i∈G∪L,s
cip̂is
subject to
0 ≤ p̂is ≤ xiρ̂is : αis, αis, ∀i ∈ G ∪ L
p̂is = uibi
∑
n
ainδ̂ns : φis, ∀i ∈ F
-xiρ̂is ≤ p̂is ≤ xiρ̂is : θis, θis, ∀i ∈ F∑
i∈Gn
p̂is =
∑
i∈Ln
p̂is+
∑
i∈F
ainp̂is :λns, ∀n
δ̂n1s = 0 : ξs

∀s
(3c)
(3d)
(3e)
(3f)
(3g)
(3h)
Observe that the objective function and all constraints of
problem (2) are included in (3). However, a new set of
constraints (3c)-(3h) is added to this formulation in order to
impose that the day-ahead decisions p̂is, δ̂ns are those that
minimize the day-ahead cost alone, with no account taken
of the potentital impact of these decisions on the ensuing
balancing operation of the power system. The lower-level
optimization problem represents the clearing of the day-ahead
market as formulated in (1), but also includes the dual vari-
ables corresponding to each constraint after a colon. Therefore,
problem (3) is a more constrained version of problem (2).
Problem (3) has a bilevel structure, and to solve it, the lower
level problem (3c)-(3h) is replaced with its KKT conditions
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or, alternatively, with its primal constraints, dual constraints,
plus the strong duality condition as follows [18]:
Minimize
ui,xi,p̂is,δ̂ns,p
+
isr
,p-
isr
,δ˜nsr∑
i∈P
(
q0i ui+qixi
)
+
∑
i∈G∪L,s
Tpis
(
cip̂is+
∑
r
pisr (c
+
i p
+
isr-c
-
i p
-
isr)
)
(4a)
subject to
(2b)− (2j) (4b)
αis+ αis+ λnis = ci, ∀i ∈ G, ∀s (4c)
αis+ αis- λnis = ci, ∀i ∈ L, ∀s (4d)
φis+ θis+ θis-
∑
n
ainλns = 0, ∀i ∈ F , ∀s (4e)
-
∑
i∈F
uibiainφis+ (ξs)n=n1 = 0, ∀n, ∀s (4f)∑
i∈G∪L,s
cip̂is =
∑
i∈G∪L,s
xiρ̂isαis+
∑
i∈F
xiρ̂is
(
θis-θis
)
, ∀s, (4g)
where ni denotes the bus to which device i ∈ G ∪ L is
connected. Equations (4c)-(4f) are the dual constraints corre-
sponding to the lower-level problem (3c)-(3h), and constraint
(4g) formulates the strong primal-dual condition. Note that
equation (4g) includes products of two continuous variables,
namely, the capacity of the projects xi and some dual variables
αis, θis, θis. In order to linearize these terms, we use the binary
expansion of the capacity investment decision xi as follows:
xi =
NB
i∑
b=1
vibSi2
(b−1), ∀i ∈ P , (5)
where vib is a binary variable for each block b, Si is the block
size (which is a parameter) and the number of blocks for each
project is computed as
NBi = floor
(
log2
(
xmaxi
Si
))
+ 1. (6)
In doing so, problem (4) is also formulated as a mixed-integer
linear optimization problem.
IV. UNCERTAINTY CHARACTERIZATION
Uncertainty comes into expansion models (1), (2), and (3)
through the capacity factors ρ̂is and ρ˜isr . In this section, we
briefly describe how scenarios for these capacity factors are
generated. For conciseness, though, we limit ourselves to the
case of wind power uncertainty, as the procedure to generate
scenarios for load and equipment failures runs in a similar
manner. Furthermore, the scenario modeling approach used in
this paper is analogous to the one described in [19], to which
the reader is hereby referred.
The scenario generation procedure proceeds in two steps:
1) First, a number Ns of per-unit power values (ρ̂is), each
representing a 24-hour ahead predicted power output of
wind location i ∈ W (in per unit), are sampled from the
stationary probability distribution that characterizes the
per-unit power production from this wind site, and that
can be obtained using historical data [20].
2) Second, for each of these per-unit power values ρ̂is, a
set of Nr prediction errors (ρ˜isr) are sampled from the
per-unit forecast error distribution that also characterizes
wind location i ∈ W . Here, we assume that wind power
forecast errors follow a Beta distribution, as in [21].
Furthermore, the characteristic parameters of the Beta
distribution to be used are functions of the predicted
wind power output (i.e., ρ̂is) and the length of the
forecast horizon. These functions are also provided in
[21].
As stated above, this two-step procedure also applies to load
uncertainty and equipment failures, by just considering the
appropriate probability distributions. Note also that scenario
reduction techniques can be applied to reduce the size of the
scenario set while maintaining most of the statistical features
of the stochastic parameters [22].
V. ILLUSTRATIVE EXAMPLE
Next a small example is used to provide intuition about the
three expansion planning models previously described. Despite
its reduced size, this example provides evidence to the fact
that the limited predictability of renewable energy sources
impacts the optimal expansion planning of a power system.
Furthermore, the magnitude of this impact is contingent on
the design of the electricity market that governs the short-term
operation of the system.
A. Data
Fig. 1 shows a small power system that initially consists
of one load l1 and an inflexible generating unit g1 (solid
lines). Fig. 2(a) plots the probability distribution of the per-
unit consumption at the pre-existing node n1, with a peak load
of 500 MW. The marginal cost and capacity of g1 are equal
to $10/MWh and 500 MW, respectively.
gˆ1 g1 gˆ2
n3
n1 n4
n2
fˆ1
fˆ3fˆ2
l1
wˆ1
Fig. 1: 4-bus power system
Total demand (p.u.)
0.01
0.03
0.06
0.08
0.4 0.6 0.8 1
(a) Demand
Wind power (p.u.)
0.02
0.06
0.09
0.13
0 0.2 0.4 0.6 0.8 1
(b) Wind
Fig. 2: Probability distributions
In order to increase the contribution of renewables to the
electricity supply (e.g., to comply with a certain target), the
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system in Fig. 1 can be expanded through the following
available projects (dashed lines):
- The installation of a wind farm with a capacity of up to
1000 MW at n2. This site is characterized by the per-unit
wind power production depicted in Fig. 2(b). The fixed
and variable annualized investment costs associated with
this project are q0i = $25 000 and qi = $50 000/MW.
- Two new thermal generating units, gˆ1 and gˆ2, at nodes
n3 and n4, respectively. The characteristics of these units
are collated in Table I, with the units of the different
parameters provided in the Notation section. Note that
both units have the same marginal cost ci and the same
investment costs q0i , qi, and that, unlike the pre-existing
generator g1, they are flexible, i.e., they both provide
energy for balancing. More specifically, unit gˆ2 offers
more expensive upward regulation than unit gˆ1, but is
also willing to repurchase energy in the balancing market
at a much higher price.
- Three new transmission lines, fˆ1, fˆ2 and fˆ3, to connect
the pre-existing bus n1 with the wind farm, unit gˆ1,
and unit gˆ2, respectively. The data pertaining to the new
transmission lines is provided in Table II. Lines fˆ2 and fˆ3
have the same length, which is in turn five times shorter
than the length of fˆ1. Correspondingly, the investment
costs of fˆ2 and fˆ3 are five times lower than those of fˆ1.
TABLE I: New generating units (example)
xmax
i
ci x+i c
+
i
x-
i
c-
i
q0
i
qi
gˆ1 250 20 100 21 100 0 20000 25000
gˆ2 250 20 100 22 100 20 20000 25000
TABLE II: New transmission lines (example)
xmax
i
bi q
0
i
qi
fˆ1 500 20 25625 90
fˆ2 100 20 5125 18
fˆ3 100 20 5125 18
According to the notation used in Section III, we have the
sets F = {fˆ1, fˆ2, fˆ3}, G = {g1, gˆ1, gˆ2, wˆ1}, L = {l1}, P =
{fˆ1, fˆ2, fˆ3, gˆ1, gˆ2, wˆ1}, W = {wˆ1}.
For simplicity, unexpected failures of thermal generating
units and transmission lines are disregarded here, i.e., ρ̂is =
ρ˜isr = 1, ∀i ∈ F ∪ {G\W}, ∀s, ∀r. Moreover, load l1 is
assumed to be inelastic with V LS = $500/MWh, and demand
forecast errors are disregarded. Finally, the capacity of the
available expansion projects is discretized in 1-MW blocks.
The variability of the forecasts for wind power production
and demand throughout the planning horizon is approximated
by 20 scenarios. Likewise, conditional on each scenario at
the day-ahead stage, a set of 30 scenarios is generated to
characterize the forecast errors of the wind power production
as explained in Section IV. Therefore, a final set of 600
scenarios is considered in this example.
B. Optimal expansion planning results
The plans to expand the power system, together with their
associated total investment costs from expansion planning
models (1), (2), and (3) are compared in Table III as a
function of a minimum target of wind power penetration.
Recall that model (1) disregards the forecast errors of wind
power production, while these are considered in both (2)
and (3). However, whereas (2) assumes that forecast errors
are efficiently handled by a market organization that opti-
mally coordinates the day-ahead generation scheduling with
the subsequent balancing operation of the power system, (3)
presupposes no coordination at all. Note also that the optimal
investments in lines fˆ2 and fˆ3 are not included here because
they turn out to be in all cases equal to the capacities of
generating units gˆ1 and gˆ2, respectively.
TABLE III: Optimal expansion plans (example). Capacities in
MW and investment cost in m$.
Renewable target
10% 20% 30% 40% 50%
model (1) 98 196 294 392 557
Cap. wˆ1 model (2) 98 196 294 413 580
model (3) 104 208 312 441 629
model (1) 98 196 294 392 456
Cap. fˆ1 model (2) 97 193 290 369 456
model (3) 94 188 282 377 454
model (1) 0 0 0 0 0
Cap. gˆ1 model (2) 0 0 0 0 0
model (3) 54 107 161 195 199
model (1) 0 0 0 0 0
Cap. gˆ2 model (2) 55 111 166 202 218
model (3) 0 0 0 0 0
model (1) 5.96 10.87 15.78 20.69 28.94
Inv. cost model (2) 7.49 13.87 20.23 27.15 35.99
model (3) 7.79 14.45 21.11 28.52 38.26
As expected, the expansion model (1) does not suggest
investing in the flexible generating units gˆ1 or gˆ2, since it as-
sumes that the wind power production is perfectly predictable.
Furthermore, notice that, according to (3), a central planner
seeking to meet the renewable energy target should invest
in flexible unit gˆ1 (with a less expensive upward balancing
service), but not in flexible unit gˆ2 (which offers cheaper
downward regulation). The reason for this is that, in order for
the system to fully benefit from the cheap downward regulation
of gˆ2, this unit needs to be dispatched in the day-ahead market
out of merit order. This is, however, not possible under the
market design considered in expansion model (3). In contrast,
such dispatch decisions are feasible under the market design
in expansion model (2). Accordingly, model (2) suggests
investing in unit gˆ2 and not in unit gˆ1, with the consequent
increase in system efficiency as downward regulation brings
fuel cost savings. Finally, observe that considering forecast
errors involves an increase of the installed capacity of wind
farm wˆ1 in models (2) and (3) compared to model (1),
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being such capacity higher for the inefficient market design
considered in expansion model (3).
Regarding investment costs, expansion model (1) unsurpris-
ingly yields the least costly expansion plan, as it supposes an
utopian power system operation without wind power forecast
errors. The impact of these errors on the investment costs
depends on both the underlying market design and the wind
energy target. Indeed, for low wind power penetration levels,
the efficient market design in expansion model (2) and the
inefficient market design in model (3) induce expansion plans
that are similar in terms of investment costs. However, as the
wind energy target is increased, the inefficient market design
prompts an expansion plan which is gradually more expensive
than the one triggered by the efficient market design.
VI. CASE STUDY
In this section we present the results from expansion models
(1), (2) and (3) in a more realistic 24-bus power system [23].
The characteristics of the existing generating units are listed
in Table IV. Line susceptances are those in [23], while the
capacities of all lines are reduced to 175 MW. The demand at
each bus is determined according to the parameters provided
in [23] for a peak demand equal to 2850 MW. As in the
illustrative example, the demand is assumed to be inelastic,
and failures of units and lines are disregarded for simplicity.
Forecast errors of demand are likewise neglected.
TABLE IV: Existing generating units (case study)
xi/ci x
+
i
/c+
i
x-
i
/c-
i
xi/ci x
+
i
/c+
i
x-
i
/c-
i
g1(n1) 400/25.9 - - g6(n16) 400/19.2 - -
g2(n2) 575/22.3 - - g7(n18) 120/30.1 30/31.1 30/29.1
g3(n7) 500/26.6 - - g8(n21) 100/30.6 30/31.6 30/29.6
g4(n13) 520/21.2 - - g9(n22) 80/31.1 30/32.1 30/30.1
g5(n15) 475/17.5 - - g10(n23) 450/20.8 - -
In order to increase the penetration of renewable electricity
production, the following projects are available:
- Wind farms of 1000 MW maximum (in blocks of 50
MW) to be located at buses n6, n8, n13 and n23 with a
fixed investment cost q0i = $25 000/year and a variable
investment cost of qi = $75 000/MW·year.
- Reinforcement of some existing lines from single to
double circuit (n6n10, n11n13, n11n14, n14n16) and the
construction of a new line of 51 miles from n12 to n21 of
175 or 350 MW of capacity and a susceptance of 37.8 p.u.
Fixed and variable investment costs of transmission lines
amount to $16 400/mile·year and $2.88/MWmile·year,
respectively.
- Six flexible generating units which makes up the instal-
lation of one or two additional generating groups to the
existing gas-based power plants at buses n18, n21 and
n22 with the same characteristics as those provided in
Table IV. Fixed and variable investment costs amount to
$20 000/year and $25 000/MW·year.
Wind speed data of 2006 provided by the National Renew-
able Energy Laboratory (NREL) and corresponding to a site
with coordinates 45◦13’ N, 96◦55’ W is employed in this
analysis to model wind power productions at buses n6, n8,
n13 and n23, which are assumed to be perfectly correlated.
These data can be freely downloaded from [24]. A set of 10
scenarios is generated to characterize the variability of demand
and stochastic production throughout the planning horizon.
Besides, conditional on each scenario at the day-ahead stage,
a new set of 10 scenarios modeling the uncertainty of the
forecast errors is also generated. Therefore, a total number of
100 scenarios is considered in this study.
Table V provides expansion planning results for a renewable
target of 20%. Observe that unlike model (1), expansion mod-
els (2) and (3) propose the installation of additional flexible
generation as well as the line n12n21 connecting the area of
flexible generation (north) with the area of wind production
(east). In addition, it is worth mentioning that the expansion
plan suggested by model (3) entails an investment cost 7.2%
higher than that of model (2), which highlights the benefits
of an efficient market design in reducing the expansion efforts
required to integrate a given amount of renewable production
into a power system.
TABLE V: Optimal expansion plans (case study). Capacities
in MW and investment cost in m$.
Model (1) Model (2) Model (3)
Wind capacity
n6 350 550 350
n8 500 550 500
n13 250 - 300
Flexible Generation
n18 - 240 240
n21 - 160 80
n22 - - 160
Line capacity
n6n10 - 175 -
n11n13 - 175 175
n14n16 - - 175
n12n21 - 350 350
Investment cost 132.1 143.5 153.9
To complement this analysis, we now discuss the im-
plications of disregarding forecast errors by evaluating the
expansion plan that results from model (1). Assuming a market
design that efficiently handles forecast errors, the first two rows
of Table VI provide, for different renewable targets, the total
expected cost (including both investment and system operating
costs in m$) and the actual level of wind penetration (in
parentheses) that result from the expansion plans proposed by
models (2) and (1), respectively. Observe that, although the
expansion plan given by model (1) involves a slight increase
in the total cost under this market design, the realized wind
penetration level is significantly reduced. The reason is that
in view of the lack of investments in flexible assets in model
(1), an efficient market would reduce the dispatch of stochastic
generation to keep the balancing costs low, thus reducing the
operational costs, but also the wind penetration level.
Similarly, the third and fourth rows present analogous
results considering an inefficient treatment of forecast errors
by the market and compare the expansion plans corresponding
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to models (3) and (1). Note that under this type of market
design, the expansion plan of model (1) results in a total
cost significantly higher than the optimal one, but achieves a
wind share level fairly closed to the target. This is due to the
fact that an inefficient market would dispatch a high amount
of cheap, but uncertain renewable generation and then resort
to uneconomical balancing resources (e.g., involuntary load
curtailment) to accommodate energy deviations. As a result,
the wind target is approximately reached but at an extremely
high cost.
TABLE VI: Impact of forecast errors on expansion planning
Renewable target
Market Expansion 10% 20% 30%
Effic.
model (2) 416.7(10) 451.8(20) 489.2(30)
model (1) 417.8(9.3) 459.5(16.2) 498.1(21.8)
Ineffic.
model (3) 423.1(10) 459.9(20) 501.6(30)
model (1) 444.7(9.8) 529.0(19.6) 602.7(28.5)
In summary, the results in Table VI show that, irrespective
of how efficiently forecast errors are handled by the market,
disregarding these forecast errors when making expansion
planning decisions entails undesired outcomes either in terms
of system cost or in the achievement of a pre-established
renewable target.
VII. CONCLUSION
This paper investigates the impact of forecast errors from
uncertain renewable generation on the optimal expansion
planning of a power system. To this end, we introduce three
expansion models that differ in how these errors are handled
by the underlying electricity market. Model (1), which is the
most widespread in the technical literature, simply ignores that
these errors occur, while the other two explicitly account for a
balancing mechanism to deal with them. Model (2), as opposed
to (3), represents a market organization where prediction errors
are “perfectly” managed by co-optimizing the day-ahead and
balancing stages. By comparing these three expansion models,
we show that:
1) Disregarding forecast errors may lead to a highly sub-
optimal expansion plan.
2) The way this expansion plan is suboptimal, i.e., either in
terms of cost efficiency or in terms of renewable energy
penetration, is dependent on how efficient the electricity
market is in coping with forecast errors.
3) A market design that efficiently handles forecast errors
requires lower expansion efforts to integrate a given
amount of renewable production into a power system.
As future research, the proposed expansion planning mod-
els can be reformulated as multi-year dynamic problems to
incorporate timing decisions for expansion projects and long-
term uncertainties such as demand growth. Another aspect
that requires further investigation is the proposal of solution
methods to reduce the computational burden associated with
the use of these expansion models in larger power systems.
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